Pests and diseases of bananas (Musa spp.) threaten the livelihoods of over 20 million people in the Great Lakes region. Geographic information systems (GIS) provide valuable tools in monitoring, predicting, managing and fighting the spread of pests and diseases. The tools offer opportunities for cost-effective and efficient targeting of control interventions. In monitoring, GIS can be used to determine the spatial extent of a disease, to identify spatial patterns of the disease and to link the disease to auxiliary spatial data. GIS can also be used to predict the projected spread of diseases, to provide input for risk assessment models in pest control and in quantifying changing thresholds of pests and diseases due to climate change. In order to use GIS techniques at a larger scale, a protocol for data collection and management is essential. This paper illustrates the use of GIS tools on data collected to identify critical intervention areas to combat the spread of Banana Xanthomonas wilt (BXW). In a survey covering the Great Lakes region, on-farm incidence of the disease was monitored and precise GPS coordinates of each sampled field were recorded. This enabled accurate mapping of the disease and performing the various spatial analyses, permitting an understanding of the geographical distribution of BXW infection. Data on food security and dependency on banana to rural populations was linked to the BXW severity to target priority areas of interventions and maximize impact.
INTRODUCTION
Crop diseases and pests are often a major constraint to crop yields. Their impact can be especially severe if a large share of the daily diet consists of a threatened crop. Geographic information systems (GIS) provide important tools that can be applied in predicting, monitoring and controlling diseases. GIS offer opportunities in forecasting the risks of pests and diseases and in sharing this information with stakeholders via the internet. Bernardi (2001) shows how the potential distribution of the western corn rootworm (Diabrotica virgifera LeConte) in Europe can be mapped with only meteorological parameters. Thomas et al. (2002) discuss semi-automated data analysis that predicts the risk of downy mildew disease (caused by Plasmopara viticola) for lettuce farmers. Jarvis (2001) describes the software GEO_BUG that links meteorological data to phenology models in order to predict the spread of a pest both in time and in space. The authors describe a system in which data is collected by a model that forecasts the risk of a pest or a disease. All of them use one or more of the basic GIS techniques described in this paper.
This paper describes several GIS techniques used in disease and pest control, using as an example dataset on bananas (Musa spp.) gathered in the Crop Crisis Control Program (C3P) in the Great Lakes region in Central Africa. At first, the paper describes two methods that illustrate how field recordings of the bacterial disease Banana Xanthomonas wilt (BXW; caused by Xanthomonas campestris pv. musacearum) can be interpolated to a large area. This interpolation allows the determination of the spatial extent of the disease and the identification of spatial patterns of BXW in the Great Lakes region. Based on reported BXW incidence from 2001 to 2007, the spread of the disease in Uganda is visualized. Secondly, the paper shows how an assessment of disease extent can be combined with social economic data to create a decision support model. Finally, the paper demonstrates how disease observations can be correlated to spatial environmental data. The paper summarizes the important findings and suggestions on database management and survey design that will guarantee proper disease mapping.
METHODOLOGY AND RESULTS

Determining the Spatial Extent of Crop Disease
The C3P used stratified random sampling to monitor 1484 fields in assigned target districts in six countries in the Great Lakes region. In the target districts, between 5 and 150 fields were monitored, averaged per district and plotted, giving an indication of the BXW incidence in the region. Figure 1 shows the BXW incidence of 55 districts in six countries.
Disease extent can be determined by geostatistical interpolation. Figure 1 expresses BXW incidence as an average at the district level. This may not be accurate as (a) the sampled fields only cover a small part of the district; (b) the BXW incidence of nearby field that located in another district is not taken into account; or (c) simply because a small number of fields might not adequately describe the population of a district. To deal with these issues the interpolation technique ordinary kriging (OK) is used to predict the BXW incidence in the study area. OK looks at the incidence of surrounding points and weighs these according to their spatial correlation, assuming a non-stationary surface (Brus and Heuvelink, 2007) . The dataset contained 482 fields from which BXW was reported and 1002 fields where it was absent. OK results are shown in Figure 2 , where A corresponds to the predicted and smoothed BXW incidence values in the area and B demonstrates the standard error of the prediction (square root of variance). To validate the results, 165 randomly selected fields were not used in the interpolation, but used as a comparison to the predicted values. This resulted in a mean prediction error of 0.001. The mean standard error or standard deviation of the 165 fields is 0.372 (illustrated white spots in Fig. 2B ). As the mean prediction error is lower than the standard error, this is an indication that the variability of the predictions is underestimated (ESRI, 2006) . Figure  2B shows that variance increases with distance from the sampled fields. The standard error in the darker areas approaches the range of the prediction and is therefore very unreliable. This high variation might be decreased by an optimized sampling design, wherby a gridded design would likely improve results (Diggle and Lophaven, 2004) . The existence of infected and uninfected fields at close range adds to the overall variance, which may be reduced by declustering of the dataset (Smith et al., 2007) . Another important issue is the fact that the input variables follow a Bernoulli distribution (true = 1 or false = 0) and the predicted values follow a continuous distribution (ranging from 0 to 1). In addition, attention should be given to the uniformity of the sampling design. The BXW survey target areas known to be major banana growing areas, which essentially means certain locations are more intensively monitored than others, based on an assumption. This introduces bias into the dataset that cannot be quantified because the assumption cannot be quantified. Major banana growing areas may have higher BXW incidence rates than areas with a lower banana density. Therefore the 1002 fields in which BXW was absent, might be an underestimation of the actual situation. The International Plant Protection Convention calls this 'targeted surveying', which may result in a biased and inaccurate assessment of the situation (IPPC, 1997).
Identifying Spatial Patterns
From the previously described determination of disease extent, it can be concluded that BXW incidence is particularly serious in Northern Uganda. This was already observed by Mwangi and Bandyopadhyay (2006) . Both methods show increased incidence (outbreaks) in North Kivu in the Democratic Republic of Congo, in Bushenyi, in Southwest Uganda, in Biharamulo in Tanzania, and to a lesser extent in Rutana in Burundi. From the interpolated map ( Fig. 2A ), it appears these outbreaks are isolated, being surrounded by relatively uninfected areas. This might be explained by the spreading mechanism of BXW, which is spread by humans, transporting the bacterium over large distances from field A to the market and from the market to field B. Animals and insects may then spread the bacterium from the newly infected field B to neighboring fields over short distances. These outbreaks often coincide with a cluster of sampled fields that most likely have high BXW incidence values yet are often surrounded by areas of lower incidence. Unfortunately, not many sampled fields are situated in these low incidence areas, resulting in a high standard error. This is the case in Southwest Uganda where apart from a few densely sampled spots with a low error, few samples support the predicted gradient in BXW incidence. A more regular sampling pattern, with transects between clusters of high incidence might decrease the prediction error and allow statements of spatial patterns to be expressed with more confidence.
Determining Spread of Disease in Time
The spread of a disease in time can be determined from two or more interpretations of the extent of a disease made at different times. (Fig. 3) . The data were collected by a nationwide participatory action where farmers were urged to report BXW, which was then verified by extension officers. To get a continuous picture over time, the BXW incidence as measured in the C3P program in 2007 was added to ). It appears the spread of BXW stopped from having a continuous character to one of more isolated outbreaks. This is in line with the earlier observed outbreaks in the entire Great Lakes area.
Supplying Input to Decision Support Models
Resources are often a limiting factor in fighting a disease such as BXW. Modeling BXW incidence together with other (spatial) data can be used to prioritization of target areas for disease control and thus provide input for decision support models (Legg and Mwangi, 2007) . Besides the BXW incidence, the C3P program also assessed social economic parameters such as the contribution of bananas to daily food intake and the food security status of the population (Abele et al., 2008) . It is hypothesized that the share of bananas in daily food intake, the incidence of BXW and food insecurity should be taken into account when targeting BXW. This hypothesis leads to a prioritization in BXW control that could be expressed as equation 1, which is based on expert knowledge and on the work of Tusheremereirwe et al. (2006) . ( 1) whereby P represents the prioritization; B represents the BXW incidence; C represents the proportional share of bananas in food intake; and F is the percentage of food insecure people. The parameters and their weighing in equation 1 should be adapted carefully, depending on the aim of the research. Food security and proportional share of bananas in food intake are strongly regionalized and might therefore lead to an unbalanced prioritization. For 36 districts, both measured BXW incidence and the required socio-economic parameters were available. For 50 districts, only the socio-economic parameters were available. To acquire a value for the BXW incidence per district, the mean BXW incidence per district was extracted from the BXW incidence predicted by kriging (Fig.  2) . After combining, 86 districts could be used in the prioritization procedure (Fig. 4) . Due to high weight (3/5), the proportional share of banana in food intake in the prioritization process, its influence is clearly noticeable in the definition of priority areas. Northeast Uganda has a high BXW incidence, yet ranks low due to a low banana consumption. Several districts in Rwanda and Burundi are ranked high in the prioritization, not because they have a high BXW incidence, but because bananas are a very important food source and the people are relatively food insecure. Fine-tuning of the equation is beyond the scope of this paper.
Linking Disease to Environmental Data
Diseases and pests are often related to environmental variables, such as elevation, humidity and precipitation (Bernardi, 2001 ). For instance, many viruses are spread by insects that may dislike high altitudes, whereas most fungal diseases require high relative humidity for growth. Most GIS programs are capable to extract values from spatial environmental data and join them to the coordinates of sampled fields. In this paper, a correlation is sought between BXW incidence and severity (defined as the share of infected plants out of a total of 30) and five environmental parameters ( Table 1 ). As expected, BXW incidence and severity are strongly and positively correlated. The remaining correlation coefficients are weak. There is a slight negative correlation between BXW and altitude, which might be explained by the fact that BXW is spread by insects that dislike high altitudes. There is a slight positive correlation between incidence and the percentage of cultivated land, which can be explained by a higher chance of infection when there are more neighboring fields. A probable explanation for the weak spatial correlations is the sampling design. In this targeted sampling design only banana growing areas were sampled. These are likely to have high precipitation rates and are often confined to upland areas. Because of limited resources, fields near population centers and roads were more frequently sampled than fields in less accessible areas. A more spatially random survey design might yield closer correlations, which could then be put into a regression model to predict the likeliness of the disease being at location X. These regression models could then provide valuable information in identifying areas threatened by pests and in estimating the effects of climate change upon these areas.
RECOMMENDATIONS
Interpolation in GIS describes the spatial distribution of crop diseases better than averaging by district. Describing the distribution can be qualitatively improved by an optimized sampling design. Such a design should be more spatially balanced in terms of distance between, and density of, sampling points. Spatial patterns can be better exposed by spatial thinking before, rather than after the sampling is done. Resampling areas that were sampled in other surveys will improve the linkage of disease spread to socioeconomic data. It will also allow better predictions of the disease spread over time. More randomized sampling is necessary when correlating disease to environmental information. Smarter sampling will facilitate incorporating GIS in decision support models were vulnerable areas could be targeted effectively. For all of these reasons, more attention should be paid to the spatial design of a survey. A protocol for data collection and data management should be incorporated in the project proposal stage. Fig. 1 . The incidence (% farms infected) of banana Xanthomonas wilt (BXW) per administrative unit in the great lakes region. 
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